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Haze days induced by aerosol pollution in North and East China have posed a persistent and 13 growing problem over the past few decades. These events are particularly threatening to densely-14 populated cities such as Beijing. While the sources of this pollution are predominantly 15
anthropogenic, natural climate variations may also play a role in allowing for atmospheric 16 conditions conducive to formation of severe haze episodes over populated areas. Here, an 17 investigation is conducted into the effects of changes in global dynamics and emissions on air 18 quality in China's polluted regions using 35 simulations developed from the Community Earth 19
Systems Model Large Ensemble (CESM LENS) run over the period 1920-2100. It is shown that 20 internal variability significantly modulates aerosol optical depth (AOD) over China; it takes 21 roughly a decade for the forced response to balance the effects from internal variability even in 22
China's most polluted regions. Random forest regressions are used to accurately model (R 2 > 0.9) 23 wintertime AOD using just climate oscillations, the month of the year and emissions. How 24 different phases of each oscillation affect aerosol loading are projected using these regressions. 25 AOD responses are identified for each oscillation, with particularly strong responses from El Niño-26 Southern Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO). As ENSO can be 27 projected a few months in advance and improvements in linear inverse modelling (LIM) may yield 28 a similar predictability for the PDO, results of this study offer opportunities to improve the 29 predictability of China's severe wintertime haze events, and to inform policy options that could 30 mitigate subsequent health impacts. 31
Introduction
33
Growth in China's population over the past several decades has coincided with a period of intense 34 industrialization. This combination has precipitated a jumpstart in China's economy -which 35 skyrocketed from the 10 th largest economy in the world in 1980 to the second largest in 2018. 36
Unfortunately, this has given rise also to serious public health issues induced by increased air 37 pollution. According to the World Health Organization, 91% of the world's population lives in 38 areas where air quality exceeds guideline limits (WHO 2016 important assumption is that NH3 is not simulated and ammonium is prescribed (Neale et al. 2012) . 127
The interactive aerosols within this CAM5 scheme are black carbon, primary organic matter, 128 sulfate, dust, sea salt and secondary organic aerosol, which are included in calculating total AOD 129 over the visible spectrum, the response variable that we investigate in this study. 
Comparing internal variability with the forced response 134
To compare the forced response to internal variability inherent in the model, we compute the 135 timescale for each response. The forced response is simply the mean AOD of the 35 simulations 136 over each time step, and the timescale associated with this is associated with its temporal 137 derivative. The response due to internal variability is the standard deviation of the 35 models at 138 each time step. Comparing the mean ratio of these two time series shows how long it takes for the 139 forced response to balance internal variability. If the internal response is greater than the forced 140 response, we would expect natural variability to play an important role in modulating China's 141 wintertime AOD. 142 143
Regression modelling and prediction 144
Random forest regression is an ensemble machine learning technique that works by aggregating 145 decision tree models defined on subsamples of the feature space. Random forest regression 146 improves upon the decision tree method (a technique that is often used in weather prediction) by 147 aggregating over many decision trees to limit the risk of overfitting. In our analysis we use random 148 forest models composed of 100 decision trees with each tree calculating a regression based on 149 mean-squared loss in a randomly selected subset of the feature space. Our overall model is defined 150 on a feature space that includes ENSO, AMO There are a number of limitations that should be noted for this study. First, we investigate here 296 internal variability and how it manifests itself in terms of a specific CESM ensemble. While we 297 have found physical explanations for the CESM LENS AOD variability that align with previous 298 studies, a next step in this research will be to employ a number of different general circulation 299 models imposing conditions that mirror positive and negative phases of the studied oscillations to 300 further validate the present results. We could also implement visibility data from meteorological 301 stations, where the longest datasets extend back to the 1950s. While this comparison could be 302 done, weak spatial coverage, along with missing data render these observations unhelpful for a 303 data problem that is already very noisy. Evaluation of observed AOD trends is difficult apart from 304 the most recent period (i.e. 2000-present), which is too limited of a historical scope to investigate 305 connections with oscillations whose phases can last for many decades. 
